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MUSIC SELECTION AND ORGANIZATION
USING RHYTHM, TEXTURE AND PITCH

CROSS-REFERENCE TO RELATED
APPLICATIONS

This application 1s a continuation-in-part of U.S. patent
application Ser. No. 14/603,324, filed Jan. 22, 2015; and 1s
a continuation-in-part of U.S. patent application Ser. No.
14/603,325, filed Jan. 22, 2015; both of which are a con-
tinuation-in-part of U.S. patent application Ser. No. 13/828,
656, filed Mar. 14, 2013, the entire contents of each of which
are 1ncorporated herein by reference.

U.S. patent application Ser. Nos. 14/603,324 and 14/603,
325 both claim benefit under 35 U.S.C. § 119(e) of Provi-
sional U.S. Patent Application No. 61/930,442, filed Jan. 22,
2014, and of Provisional U.S. Patent Application No.
61/930,444, filed Jan. 22, 2014, the entire contents of each
of which are incorporated herein by reference.

This application also claims benefit under 35 U.S.C. §
119(e) of Provisional Application No. 61/971,490, filed Mar.
2’7, 2014, the entire contents of which 1s incorporated herein
by reference.

This application 1s related by priority and subject matter

to U.S. patent application Ser. No. 14/671,973, filed Mar. 27,
2015

TECHNICAL FIELD

The present disclosure relates to content selection and
organization systems.

BACKGROUND

Individual pieces of music are 1dentified herein as “songs™
for simplicity, regardless of whether such songs actually
involve any form of human singing. Rather, a song 1s an
individual piece of music that has a beginning and an end,
regardless of 1ts length, the type of music being played
therein, whether 1t 1s instrumental, vocal or a combination of
both, and regardless of whether 1t 1s part of a collection of
songs, such as an album, or by itsell, a single.

Traditional content selection systems, especially music
selections systems, such as APPPLE ITUNES, tend to rely
on content types based on style, genre, content author(s),
content performer(s), etc., for enabling users to browse
through wvast libraries of content and make selections to
watch, listen, rent, buy, etc. For example, mn such music
selection systems, the music 1s often organized by the genre,
style or type of music, 1.e., jazz, classical, hip hop, rock and
roll, electronic, etc., and within such genres, the music may
be further classified by the artist, author, record label, era
(1.e., 50’s rock), etc.

Some music selection systems will also make recommen-
dations for music based on user preferences and other
tactors. Pandora Media, Inc.”s PANDORA radio system, for
example, allows users to pick music based on genre and
artists, and will then recommend additional songs the user
may be interested in listening to based on the user’s own
identification system. This i1dentification system 1s derived
from the Music Genome Project. While the details of the
Music Genome Project do not appear to be publicly avail-
able, certain unverified information about it i1s available
on-line. For example, Wikipedia states that the Music
Genome Project uses over 450 diflerent musical attributes,
combined into larger groups called focus traits, to make
these recommendations. There are alleged to be thousands of
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focus ftraits, including rhythm syncopation, key tonality,
vocal harmonies, and displayed instrumental proficiency.
See, http://en.wikipedia.org/wiki/Music_Genome_Project.

According to Wikipedia, 1n accordance with the Music
Genome Project, each song 1s represented by a vector (a list
of attributes) containing up to 450 or more attributes or
“genes,” as noted above. Each gene corresponds to a char-
acteristic of the music, for example, gender of lead vocalist,
level of distortion on the electric guitar, type of background
vocals, etc. Different genres of music will typically have
different sets of genes, e.g., 150 genes for some types of
music, 350 to 400 genes for other types, and as many as 450
genes for some forms of classical music. Each gene 1is
assigned a number between O and 3, 1n half-integer incre-
ments. The assignment 1s performed by a human 1n a process
that takes 20 to 30 minutes per song. Some percentage of the
songs 1s further analyzed by other humans to ensure con-
formity. Distance functions are used to develop lists of songs
related to a selected song based on the vector assigned to the
selected song.

While the Music Genome Project represents an ambitious
and detailed i1dentification system, 1t suflers from many
shortcomings as a result of 1ts inherent complexity. The most
significant of these deficiencies 1s that 1t often recommends
songs, as implemented by PANDORA, as being similar to
other songs, but listeners of those songs are not capable of
identifving why those songs were determined to be similar.
There may be very good reasons, among the hundreds of
attributes being used to make determinations of similarities
between the songs, but those similarities do not appear to
relate to what most listeners hear or feel. Accordingly, a
better, more simplistic solution 1s needed.

Human identification relies on human perception, which
1s a subjective system. Human perception 1s believed to be
involved because songs 1dentified by a particular mood and
a particular color may or may not sound anything like other
songs 1dentified by the same mood and color. This tends to
indicate human perception as a subjective error factor in
identifying music 1n this manner.

SUMMARY

A content selection system and method for identifying and
organizing moods in content using objectively measured
scores for rhythm, texture and pitch (RTP) and clustered into

s1x mood classifications based on an objective analysis of
the measured scores. Digitized representations of the content
may also be identified and organized based on the content’s
frequency data, three-dimensional shapes derived from the
digitized representations, and colors derived from the fre-
quency data. Each piece of content may be i1dentified by at
least a mood shape, but may also be 1dentified by a mood
color and/or a mood based on the clustered RTP scores
and/or the digitized representation. In a further embodiment,
the RTP-based mood classifications may be used in place of
fingerprints and combined with color and shape. Users of the
selection system may be able to view the moods 1dentified
in the difterent manners, or combinations of two or three
mood 1dentifying manners and select, customize and orga-
nize content based on the 1dentified moods.

BRIEF DESCRIPTION OF THE DRAWINGS

Throughout the drawings, reference numbers may be
re-used to indicate correspondence between referenced ele-
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ments. The drawings are provided to illustrate examples
described herein and are not intended to limit the scope of
the disclosure.

FIG. 1 1llustrates an audio file represented as a waveform.

FIG. 2 1llustrates an audio file represented as a spectro-
gram.

FIG. 3 illustrates a visual representation of chroma fea-
tures 1 an audio file.

FI1G. 4 1llustrates subimage filters for filtering the visual
representation of FIG. 3 in order to generate an audio
fingerprint.

FIG. 5 illustrates an audio fingerprint.

FIG. 6 1llustrates a color wheel associated with a study
about how people pick diflerent colors to describe different
moods.

FI1G. 7 illustrates colors associated with moods based on
a type of mood ring.

FIG. 8 1s an illustration of a screenshot capture of 1images
generated by an audio visualizer.

FIG. 9 1s an illustration of a three-dimensional shape
identifying an aggressive mood.

FIG. 10 1s an illustration of a three-dimensional shape
identifying a sad mood.

FIG. 11 1s an 1illustration of a three-dimensional shape
identifying a neutral mood.

FIGS. 12A and 12B are illustrating three-dimensional
shapes 1dentifying different levels of an aggressive mood.

FIG. 13 1s an 1illustration of how moods in content are
identified, in accordance with an embodiment, through a
three part classification model involving fingerprint, shape
and color.

FIG. 14 1s an 1llustration of rhythm, texture and pitch
(RTP) scores for a group of songs used to train the classi-
tying and clustering system.

FIG. 15 1s an illustration of classification scores for a
larger group of songs objectively scored by RTP and clus-
tered 1nto one of six mood classes by the trained classifier.

FIG. 16 1s a flow chart illustrating the objective scoring of
input songs based on RTP, the objective classilying of the
scores 1n order to cluster the songs into different mood
classes, various options that may be performed by a user to
customize the mood classes, and the subsequent utilization
of the songs by the users as organized 1n accordance with
this process.

FIG. 17 1s a block diagram illustrating a computing

system for implementing the i1dentification, selection, cus-
tomization and organization techniques described above.

DETAILED DESCRIPTION OF ILLUSTRATIVE
EMBODIMENTS

Embodiments of the present disclosure are primarily
directed to music selection and organization, but the prin-
ciples described herein are equally applicable to other forms
ol content that mmvolve sound, such as video. In particular,
embodiments 1nvolve a content 1dentification or classifica-
tion system that objectively 1dentifies music based on a three
part classification model, an rhythm, texture and pitch (RTP)
model, or a combination of both.

The three parts of the three part classification model
include fingerprint, color and shape. The generation of the
fingerprint will be described first. Music, and songs 1n
particular, may be represented 1n a number of different ways
that provide a visual representation of the music. As illus-
trated 1in FIG. 1, one of the simplest representations of
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music, such as a song, 1s a one dimensional (1-D) waveform
that represents changes in the amplitude in the audio file
over time.

While such a wavelorm can be somewhat distinctive of
the song represented, the amount of information conveyed
by the small distortions in the wavelorm 1s limited, making
it diflicult for someone viewing the waveform to extract
much 1n the way of perceptual information. If that song
evoked a mood 1 someone listening to the song, the 1-D
wavelorm does little to represent the characteristics of the
song that evoke that mood.

Accordingly, audio spectrograms based on a short-term
Fourier transform, such as represented 1n FIG. 2, have been
developed to provide a more complete and precise repre-
sentation of a song.

The spectrogram 1s a two dimensional (2-D) representa-
tion of frequency over time, like a wavelorm, but 1s con-
sidered to provide a more accurate representation of the song
because the spectrogram shows changes in intensity on
specific frequencies, much like a musical score. The 2-D
spectrogram shows some visual distinction based on signal
differences due to different audio sources, such as diflerent
persons’ voices and different types of instruments used to
perform the song.

While the spectrogram visually represents some similari-
ties and diflerences in the music, the time-domain signal
representation makes the process of comparing spectro-
grams using correlation slow and inaccurate. One solution
proposed for analyzing the characteristics ol spectrogram
images 1s disclosed by Y. Ke, D. Hoiem, and R. Sukthankar,
Computer Vision for Music Identification, In Proceedings of
Computer Vision and Pattern Recognition, 2005. In this
paper, the authors propose determining these characteristics
based on: *“(a) differences ol power in neighboring Iire-
quency bands at a particular time; (b) differences of power
across time within a particular frequency band; (c) shifts 1n
dominant frequency over time; (d) peaks of power across
frequencies at a particular time; and (e) peaks of power
across time within a particular frequency band.” Diflerent
filters are used to 1solate these characteristics from the audio
data. If the audio data 1s formatted 1n a particular music
format, such as MP3, WAV, FLAC, etc., the compressed
audio data would first be uncompressed before creating the
spectrogram and applying the filters.

One solution for analyzing spectrograms of music 1n this

fashion 1s the CHROMAPRINT audio fingerprint used by

the ACOUSTID database. CHROMAPRINT converts input
audio at a sampling rate of 11025 Hz and a frame size 1s
4096 (0.371 s) with 24 overlap. CHROMAPRINT then
processes the converted data by transforming the frequen-
cies 1into musical notes, represented by 12 bins, one for each
note, called “chroma features”. FIG. 1, FIG. 2, FIG. 3, FIG.
4, and FIG. 5 and the description herein regarding spectro-
grams, chromagrams, and audio fingerprints are based on
https://oxygene.sk/2011/01/how-does- chromaprint work/.
After some filtering and normalization, an 1mage like that
illustrated 1n FIG. 3 may be generated.

While the audio representation, or chromagram, of FIG. 3
1s robust and may be used for other purposes herein, 1t does
not lend itself well to comparative analysis and needs to be
turther compacted to be usetul 1n that regard, which 1s where
the characteristic filters noted above may come into play.
First, the image of FIG. 3 may be scanned from left to right,
one pixel at a time, 1n grayscale, to create a large number of
subimages. Then, the characteristic filters may be applied to
the subimages to capture intensity differences over time in
the musical notes represented by the subimages. Each filter
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may calculate the sum of specific areas of the subimages,
compare the sums, and arrange the areas 1n one of six ways,
as 1llustrated i FIG. 4.

The arrangement of filter 1images from FIG. 4 may be
placed over the subimages, adjusted 1n size (as long as the
filter image fits within the pixel size of the subimage), and
the resulting black and white areas may be processed to
derive a single real number representing the arrangement.
Every filter may have one or more coetlicients associated
with 1t that specity the rules for quantizing the real number
so the final result 1s an integer between O and 3.

CHROMAPRINT uses 16 filters that can each produce an
integer that can be encoded into 2 bits. When these are
combined, the result 1s a 32-bit integer. This same process
may be repeated for every subimage generated from the
scanned 1mage, resulting 1n an audio fingerprint, such as that
illustrated 1n FIG. 5, which can be used to 1solate and
identify the frequency characteristics of a song that make
that song feel a particular way to a listener, 1.e., identifies the
particular mood or moods of the song.

Audio or acoustic fingerprints may be used to identily
audio samples, such as songs, melodies, tunes, advertise-
ments and sound eflects. This may enable users, for
example, to identify the name of a song, the artist(s) that
recorded the song, etc., which can then be used to monitor
copyright compliance, licensing compliance, monetization
schemes, etc.

The present disclosure proposes a number of additional
novel uses for audio fingerprints and other components used
to generate the fingerprints, including the spectrogram and
the chromagram, which may be used to objectively identify
texture, pitch and the moods 1n songs or other content,
respectively. When a listener feels a particular emotion as a
result of listening to a song (except for any personal con-
nection to memories or experiences that the listener may
also have), the listener 1s typically reacting to some inherent
quality that can be 1dentified within the frequencies or other
characteristics of the song. Since all aspects of a song may
be represented in 1ts frequencies and aspects of those fre-
quencies, and those frequencies are used to generate an
audio fingerprint, the mood of that song may therefore also
be represented in that audio fingerprint. By comparing
known similarities between audio fingerprints for songs
having the same mood, it may be possible to i1dentify the
mood of a song by simply analyzing the audio fingerprint.

Since some songs represent multiple moods or more or
less of a mood than other songs, the degree of one or more
moods represented by a song may be represented by simi-
larity percentages. For example, 11 a song 1s 40% aggressive,
40% sad, and 20% neutral, the mood 1dentifiers may also be
associated with those similarity percentages.

While the use of audio fingerprints to identify moods 1n a
wide range of songs 1s a significant improvement over the
existing technique of relying on humans to listen to songs 1n
order to i1dentity the mood(s) conveyed by the songs, there
1s still a causality dilemma. In order to get a classifying/
clustering machine to use audio fingerprints to identily
different moods represented 1n songs, 1t 1s first necessary to
train the machine with audio fingerprints that represent
different moods 1n the songs, which requires humans to
listen to some set of songs to 1dentily the moods 1n that set
so that set can be used to train the machine. As a result, 1t
the machine 1s not well trained, then the audio fingerprint
based identification may not be accurate. This human ele-
ment also remntroduces some of the possible subjective error
that exists from reliance on human-based mood 1dentifica-
tion.
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The present disclosure also addresses these problems by
using at least three different mood identification techniques
to 1dentify each song. While a human element may be used
to get the process started, using multiple mood 1dentification
techniques, such as audio fingerprinting, makes it possible to
check each mood i1dentification technique against at least
two other different mood i1dentification techniques, which
results 1 better mood i1dentification accuracy.

One additional mood 1dentification technique, as previ-
ously noted, 1s the use of color. Color 1s more traditionally
thought of in the context of timbre, which 1s the term
commonly used to describe all of the aspects of a musical
sound that have nothing to do with the sound’s pitch,
loudness or length. For example, two diflerent musical
instruments playing the same note, at the same loudness and
for the same length of time may still be distinguished from
one another because each of the mstruments 1s generating a
complex sound wave containing multiple different frequen-
cies. Even small differences between these frequencies
cause the mstruments to sound differently and this difference
1s olten called the “tone color” or “musical color” of the
note. Words commonly used to identify musical color
include clear, reedy, brassy, harsh, warm, resonant, dark,
bright, etc., which are not what humans tend to think of as
visual colors.

Nevertheless, a similar techmque may be used to assign
visual colors to music. The human eye has three kinds of
cone cells that sense light with spectral sensitivity peaks 1n
long, middle and middle wavelengths, noted as L., M and S.
Visual colors similarly correspond to these wavelengths,
with blue in the short wavelength, green in the middle
wavelength, and red spanning between the middle wave-
length and the long wavelength. The three LMS parameters
can be represented 1n three-dimensional space, called “LMS
color space” to quantily human color vision. LMS color
space maps a range of physically produced colors to object
descriptions of color as registered in the eye, which are
called “tristtmulus values.” The tristimulus values describe
the way three primary colors can be mixed together to create
a given visual color. The same concept may be applied to
music by analogy. In this context, musical tristimulus mea-
sures the mixture of harmonics 1n a given sound, grouped
into three sections. The first tristimulus may measure the
relative weight of the first harmonic frequency; the second
tristtmulus may measure the relative weight of the 2nd, 3rd,
and 4th harmonics taken together; and the third tristimulus
may measure the relative weight of all the remaining har-
monics. Analyzing musical tristimulus values 1n a song may
make 1t possible to assign visual color values to a song.

Since the musical tristimulus values correspond to the
frequencies represented 1n a song, and (as noted above) the
frequencies can be used to i1dentity moods 1n that song, 1t
tollows that the visual colors 1dentified 1n that song can be
used to 1dentity the mood(s) of that song. However, because
songs consist of multiple frequencies, simple visual color
representations of songs tend to end up looking like mixed
up rainbows, with the entire visual color spectrum being
represented at once. To address this 1ssue, each visual color
representation can be further analyzed to 1dentily predomi-
nant visual colors and to delete visual colors that are less
dominant, resulting 1n a smaller (more representative) set of
visual colors, such as six colors, representing a mood of each
song.

In a similar manner, melody, rhythm and harmony may
also be mapped to colors. For example, sound without
melody, harmony, or rhythm 1s known as white noise. A song
with lots of rhythm, harmony and melody may be thought of
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as being black. Sounds that have equal attributes of melody,
rhythm and harmony, may therefore be thought of as being
gray. Harmonious tones without melody or rhythm may be
mapped to a specific color, such as yellow. Music that
includes melody and harmony, but no driving rhythm, may
be considered green. Music with lots of melody, but little
rhythm or harmony, may be considered cyan. A simple
melody with a hard driving rhythm may be blue. Music with
lots of rhythm, some melody, and some harmony, may be
purple. Music with lots of rhythm and some harmony, but
little melody, may be red. The above color association 1s just
an example and other color associations may readily be
used. The pomt 1s that combining this form of music
colorization with the musical tristimulus colorization tech-
nique may result in songs being identified with more pre-
dictable color i1dentifiers.

According to a research study published 1n the journal
BMC Medical Research Methodology (Feb. 2, 2010),
people on average tend to pick different colors to describe
different moods. FIG. 6 i1llustrates a simplified version of a
color wheel based on that study. While the study was more
focused on the colors that people picked based on their
moods associated with their health, 1.e., healthy, anxious or
depressed, many other examples exist that associate colors
with human moods that are unassociated with health per se,
such as happy, sad, etc. FIG. 7 illustrates one example of
colors associated with moods.

Using any appropriate color/mood association chart, 1t 1s
thus possible to 1dentily the mood(s) represented by a song
tor the color 1dentifiers for that song. The mood(s) identified
for a song using the color technique can then be compared
to the mood(s) identified for the same song using audio
fingerprints or other mood identifying techniques. There
may be a correlation between the two, but now always,
which 1llustrates that at least one of the techniques may be
less accurate, which 1s why at least one additional mood
identification techmique may be helpiul 1n order to triangu-
late the mood 1dentifiers for a song. For example, 1t may be
difficult to accurately 1dentify the location of an object based
on two relference points (signals between a mobile device
and two cell towers, for example), but when three reference
points are used, the object’s location can usually be fairly
accurately identified, absent any signal interference, or the
utilization of techniques for eliminating or accommodating
for such interference. The same principles may be applied
with moods. With two mood identifiers for a song, 1t may be
possible to 1dentily the mood of the song, but that 1dentifi-
cation may not always be accurate. When a third mood
identifier 1s added, however, the accuracy may increase
significantly. Additional mood 1dentifiers may likewise be
added to further increase accuracy, up to a certain point,
where the addition of further mood identifiers makes no
significant statistical difference.

A third mood 1dentification technique for music includes
shape. One type of system that generates shapes associated
with songs are soitware programs known as “visualizers,”
such as VSXU, MILKDROP, GFORCE and multiple dif-
terent plugins for APPLE’s ITUNES. Such visualizers tend
to use the same audio frequency data utilized to generate
audio fingerprints, so the resulting images may be similarly
usetul i terms of 1dentily moods. However, despite the fact
that the same frequency data may be used as an mput to an
audio fingerprint system and a visualizer system, some
visualizers also use loudness as an mput, which may cause
the visualizer to identily different moods than the audio
fingerprint system using the same frequency data, where
amplitude may not be used to generate the audio fingerprint.
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In addition, each visualizer may analyze the frequency data
differently and may therefore identify different moods.

Since 1t 1s desirable to have a fairly high level of mood
identification correlation between the different systems used,
it may be problematic if the visualizer i1dentifies different
moods than the other mood 1dentification systems. Accord-
ingly, mood 1dentification systems may be chosen based on
the level of correlation between the moods each system
identifies.

While a visualizer may be used as a mood 1dentification
system, some visualizers are designed to create different
visualizations for each song every time the program 1s run,
so some visualizers may not be well suited for mood
identification for this reason. In addition, some visualizers
produce very complex imagery associated with songs. For
example, one of the simpler screenshots generated by the
GFORCE visualizer, and made available on the SoundSpec-
trum, Inc. website, http://www.soundspectrum.comy/, 1s 1llus-
trated 1n black and white 1n FIG. 8. The original image 1s a
mixture of black, white and purple colors. Other 1mages
generated by the GFORCE wvisualizer are significantly more
complicated.

Similarly complicated and unique shapes may be gener-
ated from songs 1n much the same way that images may be

generated from fractals. For example, mn HARLAN 1.
BROTHERS, INTERVALLIC SCALING IN THE BACH

CELLO SUITES, Fractals 17:04, 537-545, Online publica-
tion date: 1 Dec. 2009, 1t was noted that the cello suites of
Johann Sebastian Bach exhibit several types of power-law
scaling, which can be considered fractal in nature. Such
fractals are based on melodic interval and its derivative,
melodic moment, as well as a pitch-related analysis. One
1ssue with complicated shapes representing moods, such as
those 1mages generated by the GFORCE visualizer or a
fractal based system, although they may be used for mood
identification, 1s that the 1mages may be too complicated for
many users to reliably 1dentity a mood based on the gener-
ated 1mages.

Accordingly, the present disclosure describes a simpler
type of 1magery that may be utilized to 1dentily the moods
in songs, and which may be combined with the color mood
identification system described above. The present disclo-
sure uses audio fingerprints, instead of the frequency data
used to generate the audio fingerprints (although the fre-
quency data may be used instead of the fingerprint), to
generate simplistic, three-dimensional geometric shapes for
cach song. By using the fingerprint itself, although analyzed
in a different way, a correlation between the moods 1dent-
fied with the fingerprint and the shapes may be assured.

As previously, described, an audio fingerprint may be
used to generate a static visual representation of a song, but
like visualizer images and fractal images, the visual repre-
sentation may be too complicated for humans to easily
identily similarities between different fingerprints. By con-
verting the audio fingerprint into a simple geometric repre-
sentation of the complex data, 1t 1s easier for humans to
casily recognize and differentiate between the visually rep-
resented songs. FIGS. 9, 10 and 11 1llustrate three different
examples of shapes generated from audio fingerprints that
identify the mood of a song. The shapes are also colored 1n
accordance with the mood that has been identified. Song 1
of FIG. 9 1s visualized as a rather sharp angled square
pyramid, colored bright red; the shape and color of which
may 1dentily a song with an aggressive mood. Song 2 of
FIG. 10 1s visualized as a rather 90 degree angled paral-
lelpiped, colored purple; the shape and color of which may
identify a song with a sad mood. Song 3 of FIG. 11 1s
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hexagonal three dimensional shape, colored green; the shape
and color of which may identily a song with a neutral mood.

The details that make up the geometric shape (shape,
angles, number of sides, length of lines) are determined by
the unique data contained within the audio fingerprints.
Since each of the above songs are distinctly different from
one another, they generate distinctly different shapes. Songs
with more aggressive moods tend to generate shapes with
sharper angles. Songs with sadder or more mellow moods
tend to generate shapes with angles that are close to 90
degrees. Songs with more ambiguous moods tend to gener-
ate shapes with more ambiguous shapes.

At the same time, there may also be degrees of similarities
between songs that are based on the level of mood repre-
sented. For example, in FIG. 12A, Song A, which 1s 95%
aggressive and bright red, may be distinguishable from Song
B of FIG. 12B, which 1s 70% aggressive but still also bright
red. Both songs may represent aggressive moods and have
similar shapes, but the more aggressive song may have
longer line lengths. Alternatively, the song that includes
more of the identified mood may have sharper angles. Other
shapes may also be used to 1dentity different moods than the
shapes shown herein. For example, two dimensional shapes
may be used or other three dimensional shapes may be used,
such as any homeomorphic shape.

With reference back to FIGS. 12A and 12B, the difference
in the two shapes may be due to a variety of factors, such as
the presence of vocals, which may lend heavily to the
aggressive mood identification. The percentage of mood
represented above may represent how far a song leans
towards a particular identification. Without the vocals, a
song may be less aggressive. As the aggressive percentage
for songs 1s lowered, the color of the mood may also begin
to shift slightly away from bright red to more of an orange-
red color (i.e., as the percentage lowers, the color may shiit
hue more towards whatever mood was approprate). Also,
while the square base of the geometric shape illustrated in
FIGS. 12A and 12B may be the same 1n both songs, different
base shapes may also be used. As illustrated 1n FIGS. 12A
and 12B, the top and mid-level areas of the shape, repre-
senting the top and mid-range frequencies of the song, may
change significantly. Nevertheless, based on the two shapes
represented 1n FIGS. 12A and 12B, it may be possible to
note that the two songs are similar and have similar moods
without hearing either of the actual songs.

In view of the above, 1t may be possible to 1dentily the
mood or moods 1n a particular song 1n at least three diflerent
ways, as 1illustrated in FIG. 13, by shape, fingerprint and
color.

With these three diflerent types of classifications, 1t may
be possible to 1dentily 1n any type of music or other content
corresponding commonalities. The fingerprint, color and
shape may define where a song or other type of content fits
within any type of content selection system, which may
make 1t easier for any user of the selection system to select
content they desire.

An alternative to using audio fingerprints to objectively
identily moods in songs 1s to use rhythm, texture and pitch
to objectively identily moods in songs. And, as further
described below, 1t may likewise be possible to objectively
determine scores for rhythm, texture and pitch for purposes
of using those scores to determine the mood classification/
mood class/mood for each song. FIG. 14 1llustrates a set of
RTP scores, organized by mood among a number of moods,
that may be used to train a machine learning system, such as
a multiclass Support Vector Machine (SVM) or other appro-
priate classifier. As 1llustrated, RTP 1s represented by a
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vector having only three attributes scored with a whole
number integer between 1 and 5, although an alternative
scoring system may be used. For example, vectors for one of
the moods, Happy, are (3, 4, 4) and (3, 3, 5)and (3, 5, 5) and
(3, 3, 4), indicating that the rhythm scores were all 3’s, the
texture scores ranged between 3 and 5, and the pitch scores
ranged between 4 and 5. Other moods tramned in this
example include Excited, Manic, Cautious, Peaceful and
Sad. While only six moods were trained for this example
fewer or more moods may have been used. When fewer
moods are used, the functional margin (the largest distance
to the nearest training data point of any class) may be larger.
Reasonable functional margins have been achieved with six
moods that may not be as possible i1 the total number of
moods 1s 1ncreased.

A SVM trained with the RTP scores for the moods listed
in FIG. 14 was then used to classily a greater number of
songs. As illustrated 1n FIG. 15, the 65 songs listed therein
were classified 1n the mood classes they were expected to be
classified 1n with one hundred percent (100%) success.
While the vectors for the 65 songs do not represent the
totality of all possible RTP scores, the functional margin
within most of the moods was quite high, as indicated by
SVM probability percentages in the 70 to 90+ percentile
range for all but 10 of the 65 songs, and 8 of those 10 1n the
60 percentile range. A classification system trained in this
manner may efliciently classify a large number of songs nto
specified moods classes. Once 1n those mood classes, the
songs may be listened to by a user or further customization
may be performed to generate specific groups of songs that
the user wants to hear.

As 1llustrated i FIG. 16, songs could be input by a user
in a variety of ways for mood classification as noted above,
either using audio fingerprints or RTP scoring. The songs
may be imput from one or more libraries of songs, step 1600,
that the user has access to on personal devices, such as MP3
formatted songs on a personal computer. The songs may also
be provided directly by the artists or the record labels
representing the artist, step 1602, and generating the for-
matted music files. The songs may also be accessed through
a variety of music services, step 1604, such as ITUNES,
SPOTIFY, PANDORA and the like. Once input, the songs
may be analyzed to determine either the audio fingerprints or
the RTP scores, step 1606, for the songs. Once the songs
have been analyzed or scored, the songs may be placed into
different mood classifications as noted above, step 1608, and
as appropriate for the analysis/score of the songs. At this
point, the user has the option, step 1612, of either listening
to the songs based on the basis mood classifications, step
1614, or customizing the songs in each of the mood classes
based on specific user preferences, step 1616.

User preferences may include negative or positive pret-
erences 1n a wide variety of categories. For example, a user
could indicate a desire not to listen to any country music or
pop songs within a particular mood, or to only listen to songs
published after 1979. Preference may include genre, artist,
bands, years of publication, etc. Once a user has customized
the mood classes based on their preferences in step 1616, the
user may then be enabled to listen to the music based on the
customizations, step 1618. It should be noted, that just
because one or more songs were excluded from a particular
mood class by a customization, that does not change the
mood class associated with those one or more songs. A user
may create a customized play list of songs on one occasion
based on particular preferences and then create a diflerent
customized play list of songs based on other preferences on
another occasion. Thus, the songs remain classified as they
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are and remain i1n the mood classes to which they are
assigned regardless of the user’s customizations, which
apply only to the customized lists created in step 1618.

As noted above, 1n addition to objectively analyzing or
scoring songs 1n order to classify them by mood, 1t may also
be possible to objectively analyze songs 1n order to generate
RTP scores for the songs. For example, the chromagrams
generated as part of the process of creating audio finger-
prints may also be used to objectively determine the pitch for
songs for which chormagrams have been generated. The
chromagram 1s analogous to a helix that circles around from
bottom to top like a corkscrew. The musical scale goes
around the helix, repeating keys each time 1t goes around,
but each time at a higher octave. Just as there are 12 octaves
in the scale, there are 12 vectors in the chromagram. If one
were to attempt to scale the 12 vectors of the chromagram
for each song across the 88 keys to a piano, for example, 1t
may be very diflicult to do, but that 1s not actually necessary.

The same SVM system described above can be used for
purposes of objectively determining pitch in songs by deter-
mimng a number of combinations of chromagram vectors
among all possible combinations of chromagram vectors
that correspond to certain pitch scores and then training a
multiclass SVM with that number of combinations of
chromagram vectors. Once the SVM has been trained, the
SVM may then be used to determine which pitch score (such
as an integer between 1 and 5) corresponds to every single
possible combination of chromagram vectors, and once a set
of all of the predetermined combinations of chromagram
vectors have been mapped to different pitch scores. Future
pitch scores may then be determined by comparing a com-
bination of chromagram vectors against the set of predeter-
mined combinations of chromagram vectors and assigning,
the pitch score to the music based on a match between the
combination of chromagram vectors to one of the predeter-
mined combinations of chromagram vectors among the set
of predetermined combinations of chromagram vectors.

Tramming the SVM as noted above and testing the SVM
based on a 15 song subset of the 65 songs for which
chromagrams have been produced generated correct results
and acceptable functional margins for twelve of the fifteen
songs, compared to the human generated scores for pitch,
which are noted after each song below:

angstbreaker 3,{3—0.786129}

animal collective 5,{5—0.659113,2—0.104746,
4—0.0921675,3—0.0778412,1—-0.0661322}

arvo part 2,{3—0.477773,2—0.427112}

dirty beaches 3,{3—0.916016}

gesallelstein_2 1,{3—0.380862,4—0.377543,
1—0.152978,2—0.0736804 }

gesallelstein
5—0.0716296}

ghibli jazz 5,{3—0.517388,5—0.253165,2—0.120315,
4—0.0659154}

have a nice life 2,{2—0.786667,1—=0.0860961 }

kap bambino 3,{3—0.82835}

lightning bolt 4,{4—0.784288}

michael nyman 3,{3—0.880959}

nujabes2 3,{3—0.769765,4—0.0944392,1—0.0901176}

nujabes 4,{4—0.5828,3—0.186997,1—0.115422,
2—0.0681724}

perez
2—0.0731682}

portishead
4—0.111257}
Additional fine tuming and training will likely yield better

results.

2,{2—0.688006,4—0.157389,

prado 4,{4—0.599685,3—0.256931,

1,{1—0.573343,3—0.145585,2—0.113073,
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Texture generally relates to the singular or multiple melo-
dies 1n a song and whether or not those melodies are
accompanied by chords. Texture can also be representative
of the density of frequencies 1n a song over time. In order to
compute the chromagram used to generate the audio finger-
prints and the objective pitch scores noted above, it 1s first
necessary to generate the spectrogram for each song. The
spectrogram 1s a visual representation of the spectrum of
frequencies 1n each song as the songs plays. As a result, the
spectrogram for a song can be used to represent the texture
for a song. One manner of representing the texture and
scaling the score from 1 to 5 1s to average the frequency
densities and separate those out by fifths. If the average
frequency density for a song i1s in the first quintile, the
texture score would be a 1 and if the average frequency
density for a song is 1n the fifth quintile, the texture score
would be a 3.

Rhythm can also be denoted by a long list of complicated
factors, but the primary components of rhythm are Beats Per
Minute (BPM) and time signature. A number of currently
available tools exist to measure BPM 1n songs as well as
time signatures, which are an indication of how many beats
are contained in each bar and which note value 1s to be given
one beat. In a manner similar to that described above, the
raw BPM and time signature data generated by such tools
can then be used to derive averages for both BPM and time
signatures in the songs that may then be mapped to a 1-5
score. For example, a song with a consistently average BPM
throughout the song and neither too fast or too slow, along
with an even time signature, such as 4/4 time, may be scored
a 3 for rhythm. A song with a higher average BPM, but
which 1s inconsistent 1n places, or a moderate average BPM,
but either a changing time signature or other variation, such
as 5/4 time, may be scored a 4 for rhythm. Songs with slower
BPMs and even time signatures may be scored a 2 for
rhythm.

With regard to RTP scores and application of the SVM,
once the SVM has scored every possible combination of
RTP scores there will be no need to classity a song with the
SVM once the song has been scored. For example, 1f a song,
has an RTP score of 3, 3, 5, i1ts mood classification will be
Happy because previously RTP scored songs with the same
vector have been classified as Happy. Since every digital file,
including any digitized music file, has a computable MD3
hash associated with 1t, where the MDJ5 hash 1s a crypto-
graphic hash function producing a 128-bit (16-byte) hash
value, typically expressed in text format as a 32 digit
hexadecimal number, the MD35 hash can serve as a unique
identifier for each song. Once a song has been scored, the
MD3 hash can be computed and associated with the song.
Thereatter, without rescoring a song, the MD3 hash can {first
be computed to see if the song has already been scored, and
if so, the existing score can be used for that song, thereby
greatly simplifying the scoring process for known songs. If
the song has not been scored, 1t will be scored and the MD5
hash will be associated with that score. Other unique 1den-
tifications associated with different types of music formats
may be used 1n a similar manner.

A block diagram of a music selection and organization
system based on the above disclosure 1s illustrated in FIG.
17. A memory 1702 stores a plurality of content. The data,
such as frequency data, in that content 1s then read and/or
sampled by the sampler 1704 on a periodic basis until all of
the content 1n the memory 1702 has been sampled, which
may then be updated from time to time with new content
sampled by the sampler 1704 as the new content 1s added.
After the content 1s read and/or sampled, usually on a piece
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by piece basis, the sampler, or a device connected to the
sampler, such as the analyzer 1706, generates a static
representation of the piece based on the sampled frequency
data, which may be a static visual representation, such as a
spectrogram. The static visual representation may then be
filtered by the filter 1708 to capture intensity diflerences
represented 1n the static visual representation and to generate
a liltered representation of the content. The analyzer 1706
may also be used by the filter 1708 to create the filtered
representation, such as a chromagram. An encoder 1710 may
then encode the filtered representation and create digitized
representations of the content based on the encoded filtered
representation, such as an audio fingerprint. The analyzer
1706 may also identily characteristics within the digitized
representations that correspond to moods 1n the content and
generate three-dimensional shapes that correspond to the
moods. The analyzer 1706 may also analyze the data for
other purposes, such as to determine the MD3 hash, analyze
the spectrogram to determine aspects of rhythm and texture,

and analyze the chromagram to determine aspects of pitch,
all 1n order to determine RTP scores for mood classification.
The mood identifications corresponding to the content is
then fed to the user interface. Other data read from the input
files, such as metadata (1.e., artist, title, year, genre and other
data), may also be fed to the user interface. Users are then
able to view the three-dimensional shapes to select content
based on the moods represented by the three-dimensional
shapes.

The three-dimensional shapes may be wire frames or
solids. Fach three-dimensional shape may include at least
one angle and one side, where the degree of the angle and
the length of the side identify a percentage of a mood
identified 1n the content. The three-dimensional shapes may
also 1include one or more colors that represent moods 1n the
corresponding content. The color may be determined by
creating a color representation of the content based on the
frequency data sampled from the content. Predominant
colors 1dentified in the color representations are kept and
less predominant colors in the color representation are
deleted so as to generate one or more colors representing the
mood(s) 1 the content. The color representation may be
based on tristimulus values. The color representation may
also be based on combinations of melodies, harmonies and
rhythms in the content and/or RTP data. The moods may also
be derived by the analyzer directly from the digitized
representations. The content may be music or video that
includes music.

In an embodiment, a user of the selection and orgamization
system may also load a song or other content of their choice
into the selection and organization system so as to generate
a color, shape, RTP score, or fingerprint representation, and
then search for similarly identified content. Extending the
same 1dea further from that, the user may randomly generate
a visual representation without specific content 1n mind, and
find content based on fingerprints, RTP scores, colors or
shapes aesthetically pleasing to the user.

Conditional language used herein, such as, among others,
can,” “could,” “might,” “may,” “e.g.,” and the like, unless
specifically stated otherwise, or otherwise understood within
the context as used, 1s generally intended to convey that
certain examples include, while other examples do not
include, certain features, elements, and/or steps. Thus, such
conditional language 1s not generally intended to imply that
features, elements and/or steps are in any way required for
one or more examples or that one or more examples nec-
essarily include logic for deciding, with or without author
input or prompting, whether these features, elements and/or
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steps are 1ncluded or are to be performed 1n any particular
example. The terms “comprising,” “including,” “having,”
and the like are synonymous and are used inclusively, 1n an
open-ended fashion, and do not exclude additional elements,
features, acts, operations, and so forth. Also, the term “or”
1s used 1n its inclusive sense (and not 1n 1ts exclusive sense)
so that when used, for example, to connect a list of elements,
the term “or” means one, some, or all of the elements 1n the
list.

In general, the various features and processes described
above may be used independently of one another, or may be
combined in different ways. All possible combinations and
subcombinations are mtended to fall within the scope of this
disclosure. In addition, certain method or process blocks
may be omitted in some implementations. The methods and
processes described herein are also not limited to any
particular sequence, and the blocks or states relating thereto
can be performed 1n other sequences that are appropriate.
For example, described blocks or states may be performed
in an order other than that specifically disclosed, or multiple
blocks or states may be combined 1n a single block or state.
The example blocks or states may be performed 1n serial, 1n
parallel, or 1n some other manner. Blocks or states may be
added to or removed from the disclosed examples. The
example systems and components described herein may be
configured differently than described. For example, ele-
ments may be added to, removed from, or rearranged
compared to the disclosed examples.

While certain example or illustrative examples have been
described, these examples have been presented by way of
example only, and are not imntended to limait the scope of the
subject matter disclosed herein. Indeed, the novel methods
and systems described herein may be embodied 1n a vaniety
of other forms. The accompanying claims and their equiva-
lents are intended to cover such forms or modifications as
would fall within the scope and spirit of certain of the
subject matter disclosed herein.

What 1s claimed:

1. A method for assigning mood to music, comprising;:

determiming a first score corresponding to a rhythm of the

music, wherein determining the first score includes:

determining an average of beats per minute for the
music;

determining an average of time signatures for the
music; and

mapping the average ol beats per minute and the
average ol time signatures to the first score;

determining a second score corresponding to a texture of

the music;:

determining a third score corresponding to a pitch of the

music, wherein the first score, the second score and the
third score define a rhythm, texture and pitch (RTP)
vector for the music;

comparing the RTP vector to a set of predetermined RTP

vectors, wherein each predetermined RTP vector
among the set of predetermined RTP vectors 1s unique
and corresponds to only one predetermined mood
among a set of predetermined moods; and

assigning a predetermined mood among the set of prede-

termined moods to the music based on a match between
the RTP vector and one of the predetermined RTP
vectors among the set of predetermined RTP vectors.

2. The method as recited 1n claim 1, wherein determining,
the average of beats per minute for the music and determin-
ing the average of time signatures for the music includes:

generating a static representation of the music based on

frequency data sampled from the content;
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determining beats per minute for the music from the static
representation;
determining time signatures for the music from the static
representation;
averaging the beats per minute; and
averaging the time signatures.
3. A method for assigning mood to music, comprising;:
determining a first score corresponding to a rhythm of the
music;
determining a second score corresponding to a texture of
the music, wherein determiming the second score
includes:
determining an average of frequency densities for the
music; and
mapping the average of frequency densities to the
second score;
determining a third score corresponding to a pitch of the
music, wherein the first score, the second score and the
third score define a rhythm, texture and pitch (RTP)
vector for the music;
comparing the RTP vector to a set of predetermined RTP
vectors, wherein each predetermined RTP vector
among the set of predetermined RTP vectors 1s unique
and corresponds to only one predetermined mood
among a set of predetermined moods; and
assigning a predetermined mood among the set of prede-
termined moods to the music based on a match between
the RTP vector and one of the predetermined RTP
vectors among the set of predetermined RTP vectors.
4. The method as recited 1n claim 3, wherein determining
the average of frequency densities includes;
generating a static representation of the music based on
frequency data sampled from the music; and
averaging the density of frequency data within the static
representation.
5. A method for assigning mood to music, comprising;:
determining a first score corresponding to a rhythm of the
music;
determining a second score corresponding to a texture of
the music;
determining a third score corresponding to a pitch of the
music, wherein determining a third score includes:
determining a chromagram for the music;
determining a chromagram vector for the music from
the chromagram;
comparing the chromagram vector to a set of predeter-
mined chromagram vectors, wherein each predeter-
mined chromagram vector among the set of prede-
termined chromagram vectors 1s unique and
corresponds to one value of the third score among a
set of predetermined values for the third score; and
assigning a value of the third score to the music based
on a match between the chromagram vector and one
ol the predetermined chromagram vectors among the
set of predetermined chromagram vectors;
wherein the first score, the second score and the third
score define a rhythm, texture and pitch (RTP) vector
for the music;
comparing the RTP vector to a set of predetermined RTP
vectors, wherein each predetermined RTP vector
among the set of predetermined RTP vectors 1s unique
and corresponds to only one predetermined mood
among a set of predetermined moods; and
assigning a predetermined mood among the set of prede-
termined moods to the music based on a match between
the RTP vector and one of the predetermined RTP
vectors among the set of predetermined RTP vectors.
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6. The method as recited 1n claim 5, wherein determining
the chromagram for the music includes:
generating a static representation of the content based on
frequency data sampled from the content; and

filtering the static representation to capture intensity dif-
ferences represented 1n the static representation and
generating a filtered representation of the music as the
chromagram.

7. A method for assigning mood to music, comprising:

determining a {irst score corresponding to a rhythm of the

music wherein the rhythm includes time signatures of
the music;

determining a second score corresponding to a texture of

the music, wherein the texture includes frequency den-
sities for the music;

determining a third score corresponding to a pitch of the

music, wherein the first score, the second score and the
third score define a rhythm, texture and pitch (RTP)
vector for the music;

comparing the RTP vector to a set of predetermined RTP

vectors, wheremn each predetermined RTP vector
among the set of predetermined RTP vectors 1s unique
and corresponds to only one predetermined mood
among a set of predetermined moods; and

assigning a predetermined mood among the set of prede-

termined moods to the music based on a match between
the RTP vector and one of the predetermined RTP
vectors among the set of predetermined RTP vectors.

8. The method as recited 1n claim 7, wherein the first
score, the second score and the third score are integers
between 1 and 3.

9. The method as recited in claim 8, wherein the set of
predetermined moods consists of happy, excited, manic,
cautious, peacetul and sad.

10. The method as recited in claim 8, wherein the set of
predetermined moods includes happy, excited, manic, cau-
tious, peaceful and sad.

11. The method as recited in claim 10, wherein the one
predetermined mood to which each predetermined RTP
vector 1s assigned 1s determined by a classifier trained with
a subset of predetermined RTP vectors among the set of
predetermined RTP vectors.

12. The method as recited in claim 11, wherein the
classifier 1s a multiclass support vector machine.

13. The method as recited in claim 11, wherein the
classifier 1s trained with at least predetermined RTP vectors
of (3,4.4), (3,3,5), (3,5,5), and (3,3,4) for happy.

14. The method as recited in claim 11, wherein the
classifier 1s trained with at least predetermined RTP vectors
of (2,4.4), (3,4,3), (3,5,3), and (2,2,4) for excited.

15. The method as recited 1n claim 11, wherein the
classifier 1s trained with at least predetermined RTP vectors
of (5,4.3), (4,4,2), (4,5,3), (4,4,3), and (4,5,2) for manic.

16. The method as recited in claim 11, wherein the
classifier 1s trained with at least predetermined RTP vectors
of (2.4,2), (3,4.2), (3,3,2), (3,3,3) and (2,3,3) for cautious.

17. The method as recited in claim 11, wherein the
classifier 1s trained with at least predetermined RTP vectors
of (3,2,3), (2,2,3), (3,2,2), (4,2,1), and (1,1,3) for peacetul.

18. The method as recited in claim 11, wherein the
classifier 1s trained with at least predetermined RTP vectors
of (1,2,1), (2,3,1), (1,1,2), (3,3,2), and (2,2,2) for sad.

19. The method as recited 1n claim 7, wherein the music
1s a song, and further comprising:
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repeating each step for each song among a plurality of
songs until each song has been assigned to predeter-
mined moods among the set of predetermined moods;
and

placing all of the songs within at least one predetermined 5
mood among the set of predetermined moods on a
playlist.

20. The method as recited 1n claim 7, wherein the music

1s a song, and further comprising:
repeating each step for each song among a plurality of

songs until each song has been assigned to predeter-
mined moods among the set of predetermined moods;

providing a user with one or more preferences based on
predetermined attributes of each song among the plu-
rality of songs;

cnabling the user to create a custom playlist from the

songs assigned to a single predetermined mood by:

placing all of the songs assigned to the single prede-
termined mood on a playlist;

cnabling the user to select at least one preference from
the one or more preferences in order to remove songs
from the playlist.

21. The method as recited in claim 20, wherein the one or
more preferences are derived from metadata associated with
one or more of the songs among the plurality of songs.

22. A content selection and organization system, compris-
ng:

a sampler configured to sample frequency data from a

plurality of content and to generate rhythm data, texture
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data, and static representations based on the sampled
frequency data, wherein the content includes music;

a filter configured to capture intensity differences repre-

sented 1n the static representations and generate pitch
data;

an analyzer configured to generate a first score based on

the rhythm data, wherein the rhythm data includes time
signatures of the music, a second score based on the
texture data, wherein the texture data includes fre-
quency densities for the music, and a third score based
on the pitch data, wherein the first score, the second
score and the third score define a rhythm, texture and
pitch (RTP) vector for the music, wherein the analyzer
1s Turther configured to compare the RTP vector to a set
of predetermined RTP vectors, wherein each predeter-
mined RTP vector among the set of predetermined RTP
vectors 1s unique and corresponds to only one prede-
termined mood among a set of predetermined moods;
and wherein the analyzer 1s further configured to assign
a predetermined mood among the set of predetermined

moods to the content based on a match between the
RTP vector and one of the predetermined RTP vectors
among the set of predetermined RTP vectors; and

a user interface configured to enable a user to view and to

select content from the plurality of content based on the
assigned predetermined moods.
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